Background: Fine particulate matter (PM 2.5 ) represents a mixture of components with potentially different toxicities. However, little is known about the relative effects of PM 2.5 mass and PM 2.5 components on mitochondrial DNA (mtDNA) abundance, which may lie on the pathway of PM 2.5 -associated disease. Methods: We studied 646 elderly male participants in the Normative Aging Study from Greater Boston to investigate associations of longterm exposure to PM 2.5 mass and PM 2.5 components with mtDNA abundance. We estimated concentrations of pollutants for the 365-day preceding examination at each participant's address using spatial-and temporal-resolved chemical transport models. We measured blood mtDNA abundance using RT-PCR. We applied a shrinkage and selection method (adaptive LASSO) to identify components most predictive of mtDNA abundance, and fit multipollutant linear mixedeffects models with subject-specific intercept to estimate the relative effects of individual PM component. Results: MtDNA abundance was negatively associated with PM 2.5 mass in the previous year and-after adjusting for PM 2.5 mass-several PM 2.5 components, including organic carbon, sulfate (marginally), and nitrate. In multipollutant models including as independent
variables PM 2.5 mass and PM 2.5 components selected by LASSO, nitrate was associated with mtDNA abundance. An SD increase in annual PM 2.5 -associated nitrate was associated with a 0.12 SD (95% confidence intervals [CI] = −0.18, −0.07) decrease in mtDNA abundance. Analyses restricted to PM 2.5 annual concentration below the current 1-year U.S. Environmental Protection Agency standard produced similar results. Conclusions: Long-term exposures to PM 2.5 -associated nitrate were related to decreased mtDNA abundance independent of PM 2.5 mass. E pidemiologic studies have demonstrated consistent associations between fine particulate matter (PM with aerodynamic diameter ≤2.5 μm [PM 2.5 ]) exposures and increased cardiopulmonary risks. [1] [2] [3] However, PM 2.5 is a complex mixture, and mass concentration does not capture how individual PM components vary in physicochemical and toxicologic properties. 4 Further, because PM 2.5 chemical composition often reflects source of emission, identifying sources that contribute to greater risk could help inform more effective emission control strategies.
To foster understanding of differential toxicities of PM 2.5 components, recent epidemiologic studies have studied the adverse health effects of PM 2.5 by its constituent components. A growing body of evidence suggests that PM from vehicle exhausts, diesel, residual oil burning, and road dust are associated with higher risks of respiratory and cardiovascular hospital admissions and mortality. [5] [6] [7] Several studies also demonstrated that specific PM 2.5 components, such as elemental carbon (EC), silicon (Si), sulfate (SO 4 2− ), and nitrate (NO 3 − ), modify the associations between PM 2.5 and cardiovascular mortality. 5, 8 PM 2.5 containing higher proportions of metal components has also been shown to have a stronger association with mortality than those with lower proportions. 9 There is little information, however, about the relative effects of PM 2.5 components on early molecular markers that may lie on the pathway of PM 2.5 -associated disease, especially for long-term exposures.
Mitochondrial DNA (mtDNA) is an emerging cellular target for environmental exposures that generates reactive oxygen species. 10 Compared to the nuclear genome, the mitochondrial genome is more susceptible to oxidative attack due to lack of introns and protective histone proteins as well as limited capacity to repair. 11 More importantly, prolonged oxidation of the mitochondrial genome can lead to increased mutation rate, and in turn, chronically stressed mitochondria may become themselves a source of endogenous oxidative species. This makes the mitochondrial genome a central site that both reflects and intensifies oxidative stress. 12 Further, changes in mtDNA content are associated with a wide range of cardiac outcomes, including atherosclerosis, 13 hypercholesterolemia, 14 ischemic heart disease, 15 and hypertension. 16 Alterations in mitochondrial genome morphology, as reflected in changes in mtDNA abundance relative to the nuclear genome, may potentially represent a novel molecular marker to assess oxidative stress that underlies PM-associated pathogenesis. 17, 18 In this study, we examined associations between annual moving averages of PM 2.5 mass, PM 2.5 components (i.e., elemental carbon, organic carbon, sulfate [SO 4 2− ], nitrate [NO 3 − ]), and mtDNA abundance in an elderly population. We estimated concentrations of PM 2.5 mass and components at the residential address for each participant using spatial-and temporal-resolved models, which incorporated both land-use regression and chemical transport modeling. 19 We measured mtDNA abundance as the ratio between mtDNA copies to the nuclear genome. We first fitted single-pollutant models and two-pollutant models controlling PM 2.5 mass concentration to evaluate associations of each PM 2.5 component with mtDNA abundance. We also applied a regression shrinkage and selection method to identify a subset of PM 2.5 components most predictive of the outcome, and we conducted multipollutant regression modeling to estimate the relative effects of individual component on mtDNA abundance. We hypothesized that some PM 2.5 components may have higher oxidation potential for mtDNA than others, and that PM 2.5 mass concentration alone may not be fully responsible for the change in mtDNA abundance.
METHODS

Study Participants
We based this analysis on the Normative Aging Study, a prospective longitudinal cohort established in 1963 in Boston, MA. A detailed study description was published previously. 20 In brief, male study participants underwent physical examinations every 3-5 years. Self-administered questionnaires were completed during each visit. Blood samples were drawn after an overnight fast and smoking abstinence. Beginning in 2000, we estimated air pollution concentrations at the participant's home address, including PM 2.5 mass and PM 2.5 components (OC, EC, SO 4 2− , NO 3 − ), using spatiotemporal prediction models. In total, we collected complete information for 646 male participants, including air pollution measurements estimated from prediction models and mtDNA measurements for at least one visit between 2000 and 2012 (eFigure 1; http://links.lww. com/EDE/B233). Participants signed informed consent forms at each clinical visit. Institutional Review Boards of the participating institutions approved this study.
Estimates of PM 2.5 Mass and PM 2.5 Components
We constructed separate hybrid models to PM 2.5 component concentrations at each participant's residential address. 19 Each hybrid model integrates simulation outputs from a chemical transport model, land-use terms, meteorologic variables, and other correction terms. In brief, we used Goddard Earth Observing System Chemistry (GEOS-Chem) model, a chemical transport model that simulates formation and transportation of atmospheric components, to obtain raw estimates of PM 2.5 components. PM 2.5 mass was estimated as the sum of its components. We then calibrated raw outputs to monitoring data by inputting them along with land-use terms and meteorologic variables into a backward propagation neural network. This calibration step downscaled predictions to a 1 km grid. Neural networks were used because they can capture possible complex and nonlinear relationships among variables. All components were summed and calibrated to the PM 2.5 monitoring network in New England to estimate PM 2.5 concentrations. Individual component models were only fit for the most important components, and calibrated to EPA's speciation network, the Department of the Interior's Interagency Monitoring of Protected Visual Environments (IMPROVE) network, and Harvard's monitoring network. Ten-fold crossvalidation showed that the calibration model performed well for PM 2.5 mass and PM 2.5 components; our out-of-sample R 2 was between 0.70 and 0.80 for PM 2.5 mass and each component. Calibration models also revealed little bias-the slope of predicted versus measured was approximately 1.01. The speciation model has been validated using speciation network operated by EPA Air Quality System, and appropriate laboratory experiments have been carried out to validate PM 2.5 mass and component levels. Annual moving average values were calculated when at least 75% of daily estimates were available.
Determination of mtDNA Abundance Using Quantitative Real-Time PCR
Mitochondrial DNA was extracted and analyzed from buffy coat. Relative mtDNA abundance was defined as total mtDNA content divided by total nDNA. A detailed protocol has been published elsewhere. 21 In brief, we adapted a multiplex real-time polymerase chain reaction (RT-PCR) to measure mtDNA content. 22 We quantified mtDNA copy number using mtDNA 12S ribosomal RNA TaqMan probe (6FAM-5′ TGCCAGCCACCGCG 3′-MGB) (Applied Biosystems, Waltham, MA). The sequences of primers to amplify mtDNA were mtF805 (5′CCACGGGAAACAGCAGTGATT3′) and mtR927 (5′CTATTGACTTGGGTTAATCGTGTGA3′). Since each mitochondrion contains multiple copies of the circular genome, we quantified a single-copy nuclear ribonuclease P gene based on a commercial kit (TaqMan RNase P Control Reagents Kit; Applied Biosystems, Waltham, MA) as an internal reference. Real-time PCR was performed using Bio-Rad CFX384 Touch Real-Time PCR Detection System (Bio-Rad, Hercules, CA). From a reference DNA pool consisting of a subset of 300 test samples from this same study, we constructed titration standardization curves, which were serially diluted three-fold from 20 to 0.25 ng/µl (R 2 ≥ 0.99). We calculated a ratio between mtDNA and nDNA, standardized with the reference DNA pool. A ratio of 1 indicated that mtDNA/ nDNA ratio for the test sample was equivalent to mtDNA/ nDNA ratio in the reference DNA pool. All samples were run in triplicate, and we calculated the mean for subsequent statistical analysis.
Statistical Analysis
We evaluated associations of annual PM 2.5 mass and PM 2.5 components with mtDNA abundance using linear mixed-effects regressions with subject-specific intercepts to account for repeated measurements of mtDNA abundance from the same individual. We compared models with different covariance structures (eTable 7; http://links.lww.com/EDE/ B233) and chose linear mixed-effects models with random intercept based on Akaike information criterion. First, we used a single-pollutant linear mixed-effects model to estimate associations between each pollutant (PM 2.5 mass and PM 2.5 components) and mtDNA abundance in separate regression models. Since PM 2.5 total mass concentration often correlates with PM 2.5 components, single-pollutant models do not take into account potential confounding by PM 2.5 mass or by other PM 2.5 components. We consider two approaches to adjust for confounding by PM 2.5 mass and other PM 2.5 components. First, to obtain estimates for PM 2.5 components adjusted by total PM 2.5 mass, we added PM 2.5 mass as a covariate in each single-component model. 23 This yielded a second set of model estimates of the association between each PM 2.5 component and mtDNA abundance, adjusted for confounding by PM 2.5 mass.
However, this method still does not take into account confounding by other chemical components of PM 2.5 . Therefore, we also fit multipollutant models that adjust for PM 2.5 mass concentration and PM 2.5 components. 23 To obtain more parsimonious models that only include exposures most likely to be independently predictive of mtDNA abundance, we applied the adaptive least absolute shrinkage and selection operator (adaptive LASSO). 24 The LASSO is a regression analysis method with penalization on the absolute values of the regression coefficients. The shrinkage of the coefficients varies with the penalty, and they can be shrunk to zero. Hence, the adaptive LASSO represents a variable selection method, with the advantage that selection is done continuously with all variables in the model simultaneously. The adaptive LASSO uses weights for each variable that are inversely proportional to their regression coefficient in a full model, which results in less shrinkage for the more important variables. The LASSO requires specifying a tuning parameter, λ, which determines the amount of penalty put on the regression coefficients. We ran models across a range of λ values and chose the model that gave the smallest Bayesian information criterion. We only penalized PM 2.5 components and not PM 2.5 mass or other prechosen covariates.
We adjusted all models for the following covariates selected a priori: age, body mass index (BMI), race (white, black, or other), regular patterns of physical activity (<12, 12-30, or >30 kcal/kg hours/week), smoking status (never, former, or current smoker), cumulative pack-years of smoking, education level (high school diploma or less, college degree, or graduate degree), seasonality, and blood counts of lymphocytes, neutrophils, and platelets. We standardized regression coefficients, and expressed results as an SD change in mtDNA/ nDNA ratio per an SD change in pollution concentration.
The main regression model took the general form as follows:
where i corresponds to i th subject; j corresponds to j th visit; β 0 is the intercept for the population average; u i is the subject-specific random intercept;
T is a vector of PM 2.5 total mass concentration 365 days before each clinical visit and other covariates we adjusted for in the regression model. In single-component models, PM 2.5 was omitted from Z, and X was the single component; in single-component models controlling for PM 2.5 , it was included in Z; and in the adaptive LASSO model, all components were included in X, and a penalty was imposed on the α's selected by Bayesian information criterion, potentially reducing some coefficients to zero (i.e., selection).
In sensitivity analysis, potential selection bias due to loss of follow-up was accounted for using inverse probability weighting. Using logistic regression, we predicted the probability of participants coming to a subsequent visit using covariates measured at previous visits. The set of covariates are as follows: age, BMI, regular patterns of physical activity, smoking status, pack-year smoked, the ratio of forced expiratory volume in 1 second (FEV1)-to-forced vital capacity (FVC), clinically diagnosed hypertension and diabetes, medications (diuretics and beta blockers), and education level. We performed another sensitivity analysis excluding all visits whose annual PM 2.5 mass concentration exceeded 12 μg/m 3 , which is the current National Ambient Air Quality Standard for annual PM 2.5 . We evaluated the correlation between mtDNA abundance and previously reported biomarkers for inflammation, oxidative stress, and innate immunity. We also compared the mean levels of mtDNA abundance in participants with and without chronic disease conditions. Further, we constructed a "full model," which included PM 2.5 mass and all components in the same regression, and compared results from the full model with results from the LASSO selected model. Finally, we additionally adjusted for mtDNA lesion (eMethods, http:// links.lww.com/EDE/B233) to examine whether the association we observed was primarily driven by DNA lesion.
All analyses were conducted with SAS version 9.3 (SAS Institute Inc., Cary, NC) or with R 3.0.1 (http://www.rproject.org/). Table 1 presents characteristics of the 646 Normative Aging Study participants at each visit. Mean age at first visit was 73.6 ± 6.8 years. The study population was predominantly white (97%). Four percent of participants were current smokers, and 66% were former smokers at the first visit. Of the 646 participants, 373 participants came to more than one visit (58%). Tables 2 and 3 present summary statistics and Spearman correlations for annual moving averages of PM 2.5 mass and PM 2.5 components. Annual moving averages of elemental carbon, organic carbon, SO 4 2− , and NO 3 − were positively correlated with PM 2.5 mass (ρ = 0.58, 0.68, 043, and 0.41, respectively), which is one reason why not controlling for PM 2.5 mass could lead to spurious associations. Notably, organic carbon, SO 4 2− , and NO 3 − contributed a large proportion of PM 2.5 mass (Table 2) . eFigure 2 (http://links.lww.com/EDE/B233) shows the spatial distribution of PM 2.5 mass and PM 2.5 components in the study area, including participants' residential addresses and locations of fixed monitoring stations. Elemental carbon serves as a tracer for local traffic emissions. We observed higher concentrations of elemental carbon near major roadways. Organic carbon is emitted from biomass combustion, motor vehicles, or formed as secondary organic aerosols. Organic carbon concentrations are closely related to anthropogenic activities in the study region. SO 4 2− particles mainly come from coal-burning power plants; they are regional air pollutants and show more dispersed concentrations. NO 3 − originates from both power plants and traffic emissions. In the northeastern region, we observed higher NO 3 − concentrations near major roadways, which suggest that traffic contributes to a substantial part of NO 3 − concentrations in this area. Table 4 reports the associations of PM 2.5 mass and PM 2.5 components with mtDNA abundance. MtDNA abundance was negatively associated with PM 2.5 mass concentration. A 1 SD increase in PM 2.5 mass concentration was associated with a 0.07 SD decrease in mtDNA abundance (95% CI = −0.13, −0.02). Several PM 2.5 components (organic carbon, SO 4 2− , and NO 3 − ) were also negatively associated with mtDNA abundance in single-pollutant models. Further, organic carbon and NO 3 − remained statistically significant in two-pollutant models adjusted for PM 2.5 mass. Sulfate levels were also marginally negatively associated with mtDNA abundance in models adjusted for PM 2.5 mass. Finally, we used multipollutant models, which included PM 2.5 mass and PM 2.5 components as independent variables in the same model, and applied the adaptive LASSO to obtain a more parsimonious model that only included exposures predictive of mtDNA abundance. eFigure 3 (http:// links.lww.com/EDE/B233) shows the LASSO selection path as a function of the penalty term λ. We ran models across a range of λ values and chose the model that gave the smallest Bayesian information criterion, which was λ = 1.8 (eFigure 4; http://links.lww.com/EDE/B233). At λ = 1.8, the LASSO selected NO 3 − , dropping elemental carbon, organic carbon, and SO 4 2− from the regression. Model including PM 2.5 mass and NO 3 − showed a negative association of NO 3 − with mtDNA abundance (Table 5 ). Specifically, a 1 SD increases in annual nitrate concentration was associated with a 0.12 SD (95% CI = −0.18, −0.07) decrease in mtDNA abundance.
RESULTS
We conducted a sensitivity analysis restricted to observations with PM 2.5 mass concentration of ≤12 μg/m 3 , the current National Ambient Air Quality Standards (NAAQS) for annual PM 2.5 exposure. In this analysis, we also found a negative association between NO 3 − and mtDNA abundance (eTable 1; http://links.lww.com/EDE/B233). Further, to account for potential selection bias, we repeated all analyses using inverse probability weighting and obtained result estimates similar to those from primary analyses (results not shown). We observed negative correlations between mtDNA abundance and three previously reported biomarkers for inflammation, oxidative stress, and the innate immunity (total homocysteine, C-reactive protein, and intracellular adhesion molecule-1) (eTable 2; http://links.lww.com/EDE/B233). In eTable 3 (http://links.lww.com/EDE/B233), we reported the mean (SD) for participants with and without chronic disease conditions, and we observed lower mtDNA abundance in people with type II diabetes, hypertension, and chronic bronchitis. In model which included PM 2.5 mass and all components (eTable 4; http://links.lww.com/EDE/B233), NO 3 − remained negatively associated with mtDNA abundance. Finally, results remained similar when we further adjusted Results from linear mixed-effects regression models accounting for correlation across multiple visits and adjusted for age, BMI, race, regular patterns of physical activity, smoking status, pack-years smoked, education level, lymphocyte count, neutrophil count, platelet count, and seasonality. a Estimates are expressed as a SD change in mtDNA/nDNA ratio with a SD change in pollution concentration. b We additionally adjusted for PM 2.5 mass concentration. PM 2.5 mass estimate is not reported because we used this set of models to obtain estimates for PM 2.5 components adjusted for PM 2.5 mass. Each individual model provided a different estimate for PM 2.5 mass.
nDNA indicates nuclear DNA; OC, organic carbon. Results are based on LASSO selected pollutants. Results from linear mixed-effects regression models accounting for correlation across multiple visits and adjusted for age, BMI, race, regular patterns of physical activity, smoking status, pack-years smoked, education level, lymphocyte count, neutrophil count, platelet count, seasonality, PM 2.5 mass concentration, and all other components that were selected by LASSO shrinkage method. a Estimates are expressed as an SD change in mtDNA/nDNA ratio with an SD change in pollution concentration. nDNA indicates nuclear DNA; OC, organic carbon.
for mtDNA lesion, which indicated that the negative association we observed between long-term exposures to NO 3 − and mtDNA abundance was independent of DNA lesion (eTable 5; http://links.lww.com/EDE/B233).
DISCUSSION
In this study of a cohort of older individuals, we showed that mtDNA abundance was negatively associated with longterm exposures to PM 2.5 mass and-after adjusting for PM 2.5 mass-certain PM 2.5 components, including organic carbon, SO 4 2− (marginally), and NO 3 − . In multipollutant models using variable selection via the adaptive LASSO, NO 3 − remained negatively associated with mtDNA abundance, indicating that NO 3 − was associated with changes in mtDNA morphology independent of PM 2.5 mass concentration. To our knowledge, this is the first study describing long-term exposures to PM 2.5 mass and PM 2.5 components with changes in mtDNA biomarker-measured as the ratio between mtDNA copies to the nuclear genome.
Among the PM 2.5 components we examined, elemental carbon is a surrogate for traffic pollution, is highly polyaromatic, and exhibits redox cycling ability. 25 Organic carbon is the organic fraction of PM 2.5 , and it comprises a variety of redox-active chemicals, including organic acids, alkane, polycyclic aromatic hydrocarbons, and aldehydes. Organic carbon is either emitted directly from biomass and fossil fuel combustions or formed as secondary organic aerosols. 26 SO 4 2− and NO 3 − are secondary aerosols derived from photochemical reactions of sulfur dioxide (SO 2 ) and nitrogen oxides (NO x ). Power plants are the major source of SO 4 2− , while NO 3 − originates from both power plants and traffic emissions. 27 In this study, we first fit single-and two-pollutant models to estimate the associations between PM 2.5 components with mtDNA abundance. We included PM 2.5 in the two-pollutant models to avoid potential confounding by mass concentration. Further, we applied a multipollutant approach and used dimension reduction method a priori to reduce potential multicollinearity issues while adjusting for exposure to other components. We found that NO 3 − concentration in PM 2.5 negatively associated with mtDNA abundance in multipollutant modeling, suggesting that the oxidation potential of PM 2.5 may not be fully captured by mass concentration.
The biologic mechanisms by which PM 2.5 may impact health are still not fully understood, but oxidative stress is thought to play a key role. In this study, we evaluated mtDNA abundance, a novel biomarker that potentially reflects mtDNA oxidation. Distinct from nuclear DNA, mitochondria genomes are circular due to their proteobacterial origin. Each cell contains hundreds to thousands of mitochondria, with each mitochondrion carrying 2-10 copies of circular DNA. 10 Maintaining mitochondrial integrity is critical for short-term cellular homeostasis and long-term organism survival. Mitochondrial homeostasis is usually maintained through a dynamic process of fission/fusion, coupled with biogenesis/mitophage. Under normal cellular conditions (i.e., if exposure duration to environmental pollutants is relatively short), mitochondria may try to compensate reactive oxygen species-induced stress conditions through biosynthesis, resulting in more copies of the mitochondrial genome. 28 However, if a cell is under chronic stress (i.e., due to prolonged exposure), damage to the mitochondrial genome may accumulate and is beyond repair. Persistent stress to the mitochondrial genome could lead to increased somatic mutation rate, and destructed mitochondria may themselves become a major source of endogenous generation of reactive oxygen species (in a "vicious cycle"). 28 Hence, under chronic stress conditions, mtDNA could accumulate damage and serve as molecular archive to aggregate risk. As a result, mtDNA copies are cleared, resulting in lower mtDNA abundance. 12 Mitochondrial damage may directly impact cellular processes that take place in the mitochondria, such as oxidative phosphorylation and hence adenosine triphosphate (ATP) production. Mitochondria are also central sites for fatty acid beta oxidation, where fatty acids are catabolized into acetyl-CoA, which in turn feeds into the citric acid cycle. 29 Mitochondrial damage may disturb fatty acid breakdown and dysregulate triglyceride metabolic pathways. 29 In addition, mitochondria play important roles in calcium homeostasis via transient calcium ion uptake and storage for later release. Damage to the mitochondria therefore could disrupt calcium homeostasis and calcium signaling pathways. 30 Further, increased production of oxidative species may cause damage elsewhere-e.g., to macromolecules, such as nuclear DNA, proteins, and lipidsultimately disrupting normal cell structure and function.
Previous epidemiologic studies have reported associations between ambient air pollution exposure and mtDNA abundance. However, these studies have reported somewhat inconsistent results, possibly owing to variations in exposure concentration, exposure duration, type of exposure, and the dynamic balance between oxidative damage and antioxidative defense pathways. 17, 18, 31, 32 For instance, exposure to low-level benzene and short-term exposure to traffic pollution were associated with increased mtDNA abundance, probably due to an adaptive biogenesis response to compensate moderate oxidative damage. 18, 31 On the other hand, in an occupational setting where participants were exposed to high levels of elemental carbon and particulate matter with aerodynamic diameter ≤10 µm (PM 10 ), Pavanello et al 32 reported decreased levels of mtDNA abundance. Nevertheless, these studies focused on short-term exposures, which may not capture aggregated risk due to prolonged environmental exposure.
In addition to adult panels, there has been growing interest in studying mitochondrial biomarkers that mediate the relationship between the prenatal environment and fetal development. [33] [34] [35] In a pooled analysis from two European birth cohorts, Clemente et al 33 reported decreased placental mtDNA abundance with in utero exposures to NO 2 . Two separate studies from the ENVIRONAGE cohort also showed elevated mitochondrial 8-hydroxy-2′-deoxyguanosine levels associated with decreased mtDNA abundance in both maternal and newborns blood in response to prenatal PM 10 exposures. 34, 35 Moreover, studies of the environmental influence of mitochondria have been extended to DNA methylation machinery, where Byun et al 36 showed exposures to fine particles were associated with hypomethylation at D-loop, an important regulatory region for mtDNA.
A handful of epidemiologic evidence has suggested that exposures to nitrate-rich secondary particles were associated with higher rate of total and cardiopulmonary mortality, 37 increased risks of ischemic heart disease, 38 and higher rates of hospital admissions. 39, 40 Prenatal exposure to NO 2 -a gaseous precursor of NO 3 − , has also been associated with decreased placental mtDNA abundance. 33 In one of the recent publications, Shi et al 41 reported a positive association between exposure to PM 2.5 − -containing NO 3 − and exhaled nitric oxide-a well-known biomarker for respiratory inflammation. Nevertheless, we have not been able to identify experimental studies that describe the toxicologic effects of nitrate-rich particles. We are aware that there is a gap in knowledge between the toxicologic and epidemiologic literature, and future research is warranted to examine to toxicologic properties of PM 2.5 -containing nitrates.
Our study has a number of strengths. Our study population consists primarily of older individuals, which represent a susceptible subgroup for air pollution exposures due to lower physiologic functions and high prevalence of preexisting diseases. The National Research Council sets high research priority to understand population susceptibility to air pollution exposure, to inform more effective policy that yields maximal health benefits for the entire population. We estimated concentrations of PM 2.5 mass and PM 2.5 components at each participant's residential address using state-ofthe-art hybrid spatiotemporal prediction models. This method allowed us to estimate pollutant concentrations with a high degree of spatial and temporal resolution and introduced sufficient exposure variations among participants to study longterm exposure of ambient air pollutants. Estimated pollution concentrations from these models may serve as better surrogates for personal exposure and hence may reduce potential exposure misclassifications. Our assay for analyzing mtDNA yields high precision; within-and between-plate coefficients of variation were 3.35% and 3.26%, respectively. We used a multipollutant approach as our primary analysis, and applied the adaptive LASSO shrinkage and selection a priori to obtain a more parsimonious model. The adaptive LASSO removes predictors with low explanatory power, which helps to reduce multicollinearity. Further, it has the oracular property-i.e., adaptive LASSO performs as well as if the true underlying model was known in advance. In addition, we accounted for potential selection bias due to loss to follow-up using inverse probability of weighting (IPW). Point estimates were similar for models using or not using IPW, indicating that little selection bias was introduced due to loss to follow-up.
Our study also suffers from several limitations. In the current analysis, we modeled four PM 2.5 components that contribute greatly to PM 2.5 mass; however, other components not included in our analysis-such as metals and specific organic species-may also adversely affect health. However, due to their minimal contribution to PM 2.5 mass, these components often fall below method detection limits, and are difficult to estimate with good accuracy. Additionally, exposure estimates from our cohort focused on the greater Boston area and may not be generalizable to other regions of the United States due to the variations in PM chemical compositions in different regions.
CONCLUSIONS
Long-term exposure to PM 2.5 mass and specific PM 2.5 components is associated with decreased mtDNA abundance in this elderly study population. Our findings from multipollutant modeling suggest that NO 3 − as a chemical component of PM 2.5 was associated with morphologic changes to the mitochondrial genome independent of PM 2.5 mass concentration, and mass alone may not fully capture the oxidation potency of PM 2.5 .
